A new quantitative method of evaluating fire danger index (FDI) performance is proposed, relying on a combination of modelled meteorological data and fire activity data obtained from earth observation satellites. The method simultaneously allows for localized FDI selection, as well as the analysis of spatial patterns in FDI performance.
INTRODUCTION
Fire danger indices (FDIs) describe the conditions that influence ease of ignition, rate of spread and the impact caused by fires [1] . These indices are used to assess the safety of prescribed burning activities, to improve real-time fire fighting preparedness and in logistic planning of fire fighting resources [2, 3] . Different indices are being used for specific areas while some FDIs, e.g., the Canadian Fire Weather Index (FWI), are now being applied globally in the Global Wildfire Early Warning System [1] . The choice of FDI is often made subjectively due to the lack of objective comparison methods. Evaluation of the performance of indices is a difficult task due to the ambiguous concept of fire risk. Fire danger (or potential) cannot be measured directly but can only be inferred by measuring the components of which the index consists, such as temperature, relative humidity, rainfall and wind speed [4, 5] . This contrasts with fire behavior models in which physical parameters such as flame length or rate of spread can be physically measured or modelled. Fire danger indices are not designed to describe the characteristics of a fire but rather the potential of a fire taking place in an area of interest [5] .
Several different approaches have been taken in evaluating FDIs, but both Andrews [5] and Verbesselt [6] found that fire activity is a useful metric based on the assumption that higher FDI values correspond to increased fire occurrences. Fire activity can furthermore be assessed using remotely sensed data such as active fire detections and burned area maps as a proxy of historical fire activity. In a study by Verbesselt [6] fire activity collected from the field was evaluated against the Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI) and Keetch-Byram Drought Index (KBDI) using performance measures extracted from a binary logistic model. It was successfully demonstrated that the vegetation based NDWI can be used effectively as a fire risk indicator. Andrews has suggested a quick, objective and quantitative guideline for selecting an appropriate FDI for a specific area [5] . Using this method, competing FDIs are ranked according to their performance on measures such as a percentile shift analysis, the logistic fit R 2 and predicted range, and Mahalanobis distance.
A similar approach is used in the study presented here to identify the most suitable FDI for application in South Africa. The indices in the comparison includes the Lowveld Fire Danger Index (LFDI) , used by the South African fire management community, the internationally used FWI, the McArthur Forest Fire Danger Index (FFDI) and the McArthur Grassland Fire Danger Index (GFDI), as summarised by Willis et al. [7] .
In this study historical fire activity from remotely sensed data are compared with various FDIs to identify which index has the strongest statistical relationship with fire occurrences and therefore the highest forecasting potential for fires in the future.
METHODOLOGY
The goal of our study was to not only determine which FDI is most appropriate for the southern African region, but also to determine whether there were any regional differences in the best performing FDI. To this end, a combination of modelled meteorological data at 11 km scale and remotely sensed fire activity data at 500 m and 1 km scale was employed. Evaluation of the FDIs proceeded along the same lines as the method proposed by Andrews [5] .
It is important to note the unique spatial approach of this study in which the performance of each FDI is ranked per individual 11 km cell, which provides a regional analysis of the effectiveness of the FDIs versus a point based comparison at weather stations, such as used in some studies [5] .
Data sources

Meteorological data
Meteorological data on temperature, relative humidity, rainfall and wind speed were obtained from the South African Weather Services (SAWS) for calculation of the FDIs. This gridded data was modelled with the Unified Numerical Weather Prediction (NWP) model at a 11 km cell size. Daily data from the time period June 2007 to October 2010 were used. Unfortunately, NWP data prior to 2007 could not be used owing to a different model (Eta NWP) being used at the time.
Fire activity
Historical fire activity was determined by using burned area data as well as active fire detections from the MODIS sensors onboard the Terra and Aqua satellite platforms. In preparation of fire activity per 11 km meteorological cell, individual fires were calculated by the integrating the 500 m MCD45A and MCD64A1 burned area data products with the 1 km MOD14A1 and MYD14A1 active fire products. This was done by considering the proximity and date of neighboring burned area pixels and their association with active fire detections. If a neighboring burned area pixel was adjacent to another burned pixel within a two-day time period, the two pixels were considered as part of the same fire. This temporal merge was implemented to compensate for the uncertainty of the burn date associated with the MCD45A product. Individual fires were subsequently aggregated into 11 km cells, comparable in size to the meteorological data. Given that the data is in a binary form, fire activity is expressed as a fire-day in which a value of 1 is allocated to a cell if one or more fires occurs and 0 otherwise [5] . In this study fire activity was defined per 11 km cell in terms of (i) a fire-day (ii) a multiple fire-day when more than 5 fires occurred and (iii) a large fire-day when more than 4 burned area pixels (100 ha) were recorded. Note that multiple fire-days and large fire-days are conditional, i.e., they can only occur on a day already labelled as a fire-day.
According to Peduzzi [8] more than 10 events per variable are required, on a sample size of 500, to obtain unbiased logistic regression models. Given that roughly three-and-a-half years' worth of daily data comes down to about 1250 samples, a minimum of 20 large fire events per cell was decided upon. Analysing only the cells with at least 20 large fire-day events reduced the data set from 22269 cells down to only 3761 cells. While this seems to be a rather large reduction, it should be considered that only 7722 cells had any fire activity at all. In addition to keeping the logistic fit unbiased, the thresholding also ensures that the conditional histogram of an FDI, given that it is a fire-day, is sufficiently populated to allow meaningful percentiles to be computed for the percentile shift metric.
Although multiple fire-day statistics were collected, they were discarded in the final analysis. If a threshold of 20 multiple fire-day events was applied, only 184 cells remained. Thus, in contrast to Andrews' analysis [5] , only fire-day and large fire-day events were considered, which further required a suitable adaptation of the percentile shift metric.
Metrics & evaluation
A total of seven metrics were computed for each cell and FDI combination. Following Andrews [5] , the metrics are:
Percentile shift is a measure of the difference between the distribution of an FDI given that a fire event is observed, and the distribution of all FDI values, for a given cell. The percentile shift is computed by summing the difference between the 25 th , 50 th and 90 th percentiles of two distributions (FDI on all days versus FDI on fire-days). A similar sum is obtained for large fire-day events, which is added to the fire-day event shift to obtain the final percentile shift.
Logistic R
2 is computed by employing a logistic sigmoid to model the probability of a fire-day event given an FDI value. The logistic R 2 value is similar to the familiar R 2 found in linear models, but the values are typically much smaller, and must be interpreted with greater care. Metrics computed for both fire-day and large fire-day events.
Logistic range is simply the range of fire event probabilities that can be predicted by the fitted logistic model, with larger ranges being preferred. Metrics computed for both fire-day and large fire-day events.
The Bhatthacharyya coefficient is a measure of overlap between two distributions, in this case, the distribution of FDI values on non-fire-event days versus the distribution of FDI values on fire-days. Smaller values are preferred. Metrics computed for both fire-day and large fire-day events.
Although Andrews used a Mahalanobis distance [5] , it was felt that a Bhattacharyya coefficient would capture the degree of overlap between distributions more effectively. The four FDIs are ranked on each of these 7 metrics individually. The rank sum is computed for each FDI, followed by final ranking on these rank sums. 
RESULTS
The number of times that each FDI attained a given overall rank is summarised in Table 1 . FWI ranked in first position in 90.32% of all the cells, indicating that it is the preferred index over southern Africa by a large margin. LFDI is typically ranked second to FWI in most of the cells. The spatial extent of the 11 km cells in which the FWI was ranked first is shown in red in Figure 1 . The white areas in the western parts of South Africa are not associated with either burned area pixels or active fire records due to a lack of fuel and low rainfall. The gaps in the eastern parts of the country can be explained by the threshold criteria, i.e., these regions did not typically experience 20 or more large fire events during the three year analysis period. From Figure 1 it is clear that FWI is spatially consistent, performing very well over the entire region, which is indicative of FWI's strong relationship with fire activity.
The value of the spatial approach to FDI evaluation proposed in this study becomes even more apparent in Figure 2 , which offers a spatial representation of the rank obtained by LFDI. The index ranked second over large contiguous areas, but there is also a strong pattern to the pockets where it was ranked in third position.
Although the rank-based analysis presents a clear ordering of the FDIs, it does not indicate the degree to which two indices in adjacent ranks differ. To shed some light on this aspect, the distributions of the seven performance metrics can be compared. Figure 3 shows the distributions of the percentile shift metric, and Figure 4 shows the distributions of the fireday logistic model R 2 metric. Wilcoxon's test was used to assess whether the differences in the distributions between FWI and LFDI are statistically significant, which proved to be the case for all seven metrics. With larger percentile shifts, and larger R 2 values, FWI clearly presents a stronger relationship with fire activity than LFDI by a significant margin. 
DISCUSSION
Most of the fires occur in the eastern parts of South Africa due to sufficient fuel and dry conditions in winter in the summer rainfall region. The south western Cape is a winter rainfall region with fires occurring in Fynbos vegetation. This region is, unfortunately, under-represented in the study mostly because of the lower incidence of fire events in the region. One way to improve coverage would be to extend the study over a longer period of time, e.g., all the way back to the year 2000, but the lack of suitable NWP meteorological data must first be addressed. It was found that the FWI performed the best over most of South Africa. The use of the LFDI model is, however, entrenched in local communities and there is a clear understanding of resources required to suppress fires based on the LFDI colour coding. It may be possible to develop a comparable colour coding for FWI, but suitable data for developing such a mapping is not readily available. Until such an FWI colour coding is established, the only viable solution is to use LFDI in conjunction with FWI.
Although FWI appears to enjoy a comfortable lead over other FDIs included in this study, it has to be considered that there may be some inherent bias in the evaluation strategy that favours FWI. A recent paper [9] has identified a potential weakness in Andrews' method; work is currently underway to incorporate additional analyses into our study.
CONCLUSION
A new approach to the evaluation of fire danger index performance has been proposed. This method employs a combination of modelled meteorological data and fire activity data obtained from earth observation satellites. This approach offers not only a localised ranking, but also allows for larger spatial patterns in FDI performance to be revealed.
Using this approach, combined with a well-known set of metrics for evaluating FDI performance, it was shown that the Fire Weather Index (FWI) is a much better predictor of fire activity over southern Africa, compared to other FDIs (LFDI, GFDI, FFDI) that have historically been used in the region.
